Band selection plays a key role in the hyperspectral image classification since it helps to reduce the expensive cost of computation and storage. In this paper we propose a supervised hyperspectral band selection method based on differential weights, which depict the contribution degree of each band for classification. The differential weights are obtained in the training stage by calculating the sum of weight differences between positive and negative classes. Using the effective one-class Support Vector Machine, the bands corresponding to large differential weights are extracted as discriminative features to make the classification decision. Moreover, label information from training data is further exploited to enhance the classification performance. Finally, experiments on three public datasets, as well as comparison with other popular feature selection methods, are carried out to validate the proposed method.
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imaging is useful in a wide array of applications, such as face recognition, 32] , [34] , [35 mineral recognition, 16 vegetation study 23 and land cover classification. 20 One challenging problem in hyperspectral imaging classification is that the high dimensionality of the spectral data leads to expensive costs of computation and storage. The high correlation among spectral bands implies that redundant bands could be removed without decreasing classification performance. Therefore, band dimensionality reduction techniques are often used to address this problem, as well as an important preprocessing step for hyperspectral images.
Specifically, there are two kinds of such technics. The first one is feature extraction, which transforms raw hyperspectral images from the original space to a feature space with lower dimensions. Algorithms like Principle Component Analysis (PCA) 1 and Independent Component
Analysis (ICA) 6 are suitable for this kind of method. The drawback of feature extraction for hyperspectral image is that the transformed feature space no longer contains spectral information and lose the interpretability of original data. The second kind of method is band selection, which chooses some 'good' bands rather than all of them. Here, the 'good bands' means those bands which are discriminative but not redundant for classification.
Various band selection methods have been proposed and could further be categorized into unsupervised 4] , [7] , [9] , [25] , [27 and supervised 2] , [15] , [24] , [26] , [30] , [33 manners . Unsupervised methods, such as Filter, 9 Wrapper , 13] , [14 are convenient to implement because it requires no labeled data.
Filter methods use variable ranking for feature ordering. Typically, correlation criteria, e.g., mutual information, 9 is to score features and then remove those below a threshold. However, because some features appear informative when combined with others but not on their own, they may mistakenly be discarded by Filter methods. Wrapper methods use a predictor wrapped on a search algorithm to find the feature subset with the highest performance for the predictor.
For hyperspectral band selection, various criteria, such as Bhattacharyya distance, divergence and Jeffries-Matusita (JM) distance, 13] , [14 have been employed as the predictor. In addition to this, Yao et al. 31 described a nonlinear band selection method based on Bayesian kernel which can reduce the uncertainty by computation of posterior label probabilities. Pabitra et al. 17 proposed an unsupervised feature selection algorithm based on measuring similarity between features. Sebastiano et al. 22 proposed a new suboptimal search strategy for feature selection in very high dimensional remote sensing images. Unfortunately, enormous computations would be introduced since a new model is always created to evaluate the current subset each time during 3 its search procedure. And many hyperspectral imaging classification tasks prioritize the accuracy.
Therefore, supervised methods are much preferable in such cases. 3] , [10] , [11] , [28] , [29] , [31 In this paper, we propose a supervised band selection method, which is originated from Embedded methods. When building band selection criteria, most attention is paid to the interclass discrimination by optimizing differential weights. Specifically, discriminative bands herein 4 are defined as those that contribute more positive score to the classifier's output of one class than that of other classes in training. To formalize this observation, we use a modified one-class SVM to satisfy differential weights constraint and calculate weights for each band. The bands with large weights are then selected.
Supervised method
Our contributions are as follows: First, we propose a supervised hyperspectral band selection algorithm using differential weight criterion, which takes full advantage of the label information to improve the classification performance. Second, a band weights optimization process is introduced to find the band subset by using the one-class SVM model. Third, the proposed method calculates weight for each band, which gives guidance not only to classification but also to other band analysis approach.
II. BAND SELECTION WITH DIFFERENTIAL WEIGHTS
In this section, we detailedly describe the method for hyperspectral band selection. At first, we briefly illustrate the concept of hyperspectral band weighting and describe the notation used in the rest of paper. Then a new band selection criterion based on differential weights is developed.
After the criterion is defined, we introduce the one-class SVM model, which is used to solve the optimization of differential weights. Finally, informative bands are selected according to the band weights, and are used to train hyperspectral image classifiers. A summary of the proposed method is shown in Fig. 1 
A. Band Weighting
Unlike the searching-based band selection method, we adopt a weighting-based strategy. It prioritizes all bands at the same time, taking each possible group of bands into consideration.
This weighting-based band selection method could avoid the problem caused by correlation among these bands when selected one by one. Let (x i , y i ) be the i-th pixel in the training set, where x i ∈ R N is the vector of i-th pixel's intensity value of all bands and N is the total number of original bands, y i ∈ {1, 2, ..., C} is the class label of the i-th pixel and C is the number of classes. The band weight v is a N × 1 vector corresponding to the spectral bands of training samples. The next step is to design a separation criterion to learn the band weight that indicates the importance of each spectral band. 
B. Differential Weights
Our motivation is to design a band selection criterion which includes inter-class constraints.
So, Firstly, the differential weight is deduced.
As mentioned before, the key criterion to design a supervised hyperspectral band selection method is classification accuracy and it is natural to start by exploring classification result. At the beginning, we train an one-vs-all SVM classifier for each class using the data in this class as positive samples and the rest as negative samples. The objective function is
where x i represents the i-th hyperspectral pixel training sample with N bands, and w represents the SVM classification hyperplane. λ is a regularization parameter that controls the model complexity. y i is the class label, and f () is the classification score for the initial SVM training.
It should be noted that other classifiers such as multi-class logistic regression could be used herein as well. After the initial training, each class c has a classification weight w c .
In the multi-class classification problem, the sample is predicted correctly if the sample gets higher score of its ground truth class c than those of other classes. In other words, it means that the i-th sample would be predicted correctly if it satisfies the following inequality:
This gives us the insight of how to select discriminative bands. Intuitively, a band b is discriminative for a certain class c when the product of this band's intensity value and the classification weight of this certain class is higher than the product with any other classes' weight , i.e.,
which could be transformed into the form
This observation of inter-class discriminability is used to build the band selection criterion and we call w c (b) − w y i (b) the differential weights which reveals the importance of each hyperspectral 6 band. Specifically, we take Eq. 4 as a constraint that each discriminative band should meet. For a certain spectral band, the greater the LHS of Eq. 4 is than 0, the higher probability it has to make the right prediction.
C. Optimization
Before going into the step of calculating band weights, we briefly introduce the one-class SVM, 21 which is the model used herein to solve the optimization process. The classical SVM model is treated in a binary classification setting. For example, class label y i ∈ {−1, 1}, which denotes class A and class B respectively. However, one-class SVM deals with anomaly detection problem, where only data with class label y i ∈ {1} could be used. The objective function of one-class SVM could be written as:
where w o is the classification weight vector and α is the regularization parameter. 
where u i c,y i represents the criterion:
which is the differential weight times the pixel value which measures its discriminability to other classes of band b. Intuitively, The band b is helpful to make the correct prediction if u gives big weights to the discriminative bands, the loss term will be low in Eq. 6. The second term is a regularization term, which prevents the optimization from over-fitting. Furthermore, we choose 1 -norm as regularization so that sparsity is given to v c , which promotes the ability of feature selection. The parameter λ controls the relative importance between hinge loss term and 1 -norm regularization term and can be obtained by cross-validation. Note that Eq. 6 is equivalent to one-class SVM and could be solved by a standard SVM solver. 5 After obtaining v c for each class, we select the n bands with the n largest weights. The selected bands contain the most discriminative information and are efficient for classification.
III. EXPERIMENT
The proposed method is evaluated on three publicly available datasets. It should be noted that our band selection method is flexible and can be applied to a variety of classifiers although the simple yet effective one-class SVM is used in our method to gain discriminative band weights. Therefore, to validate the property, we discuss the classification accuracy herein by using K Nearest Neighbor(KNN), Linear Discriminant Analysis(LDA) and SVM, respectively.
The parameter k in KNN is set to be 3 in the experiment, and the one-against-all strategy is utilized in both LDA and SVM training. Particularly, the regularization parameter in SVM is obtained by 5-fold cross-validation with the widely used radial basis function (RBF) kernel.
Besides, our method is also evaluated by comparing it with three popular band selection technics, i.e., AP, 19 mRMR 18 and SVM-RFE. 12 AP uses affinity propagation to calculate the similarity between bands and search for exemplars as selected bands. mRMR is a supervised band selection method based on representative mutual information. In SVM-RFE, SVM weights, similarly to our method, are also used as feature ranking criterion. However, it should be noted that we further exploit the trained classifier in the proposed method by using differential weights 8 to build the separation criterion. Finally, the classification results with full bands are reported as well.
A. Pavia Centre
Pavia Centre is a section of the scene of Pavia, nothern Italy, which was acquired by the ROSIS sensor during a flight campaign in 2002. Fig. 2(a) shows the sample band and Fig. 2(b) shows the ground truth of the land cover class. It is a 1096x1096 pixels image with spatial resolution of 1.3 meters and each pixel has 102 spectral bands. The dataset is categorized into nine classes.
In Pavia Centre, some samples without information are manually discarded. Then we randomly choose 15 percent of the remaining samples for each class as training set and the rest as test set. See Table. I for detail. small, SVM-RFE may be competitive with ours. However, as the number of bands increases, specifically when more than 15 bands are selected in this case, our method could achieve better performance. On the other hand, it can be easily seen that our method outperforms AP in any number of selected bands, which is reasonable since it makes the inter-class discrimination by optimizing the inter-class criterion. Moreover, classification accuracy of our method with only 40 bands is very close to that with full bands, which demonstrates heavy redundancy of hyperspectral images in classification application.
B. Indian Pines
The second dataset we used is Indian Pines, which is shown in Fig. 4(a) . The ground truth land cover class is shown in Fig. 4(b) . Indian Pines is a section of the scene acquired by AVIRIS sensor in 1992 over the Indian Pines test site, North-western Indiana. It is a 145*145 pixels image and each pixel has 224 spectral bands covering wavelength ranging from 400nm to 2500nm. discarded since only few samples are available for them, leaving nine classes available in the dataset. We randomly choose 15 percent of the samples for each class as training set and the rest as test set. See Table. II for detail. to the Pavia Centre dataset, SVM has the slightly highest performance among the three classifiers.
Besides, the relative performance is also consistent given a classifier since our method is adaptable to a variety of classifiers. We can see that SVM-RFE is competitive to our method when using the KNN classifer, while our method performs slightly better than SVM-RFE for SVM. This is partly because the KNN classifier could suffer from over-fitting and be quite sensitive to noise. Moreover, in the SVM case, the performance of our method achieves better than other band selection methods as the number of bands increases. When the number of selected bands is 15, we report the selected bands by different methods in Table. IV.
C. APHI
The third dataset is call APHI(Airborne Push Hyperspectral Imager), which is shown in Fig. 6(a) . The ground truth is shown in Fig. 6(b) . Images in this dataset has the size of 210*150*64, covering 455nm to 805nm wavelength range. Some land-cover classes are dis- bands are selected, our method can obtain could achieve better performance.
D. Influence of Training Set Size
In this subsection the influence of number of training samples on our band selection method is evaluated. We evaluate our method compared with SVM-RFE and mRMR, namely the supervised band selection methods. Fig.6 . shows the SVM based classification performance with different numbers of training samples, where the Indian Pines dataset and 50 bands are used herein. It can be observed that classification accuracy of all three methods is low when only using a few of training samples, and then becomes higher with the increase of training set size. This is related to the over-fitting problem encountered in supervised learning when there are not enough training samples. Nevertheless, it is remarkable that even though training set is small, our method still performs better than SVM-RFE and mRMR because of its improved generalization. 1) discriminative band is defined explicitly, which fully takes the discrimination among classes into account; 2) a modified one-class SVM is used to formalize the optimization problem so that discriminative weight vector for each class can be efficiently solved.
